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Abstract
Background: Compared to traditional methods of participant recruitment, online crowdsourcing platforms provide a fast and
low-cost alternative. Amazon Mechanical Turk (MTurk) is a large and well-known crowdsourcing service. It has developed into
the leading platform for crowdsourcing recruitment.
Objective: To explore the application of online crowdsourcing for health informatics research, specifically the testing of medical
pictographs.
Methods: A set of pictographs created for cardiovascular hospital discharge instructions was tested for recognition. This set of
illustrations (n=486) was first tested through an in-person survey in a hospital setting (n=150) and then using online MTurk
participants (n=150). We analyzed these survey results to determine their comparability.
Results: Both the demographics and the pictograph recognition rates of online participants were different from those of the
in-person participants. In the multivariable linear regression model comparing the 2 groups, the MTurk group scored significantly
higher than the hospital sample after adjusting for potential demographic characteristics (adjusted mean difference 0.18, 95% CI
0.08-0.28, P<.001). The adjusted mean ratings were 2.95 (95% CI 2.89-3.02) for the in-person hospital sample and 3.14 (95%
CI 3.07-3.20) for the online MTurk sample on a 4-point Likert scale (1=totally incorrect, 4=totally correct).
Conclusions: The findings suggest that crowdsourcing is a viable complement to traditional in-person surveys, but it cannot
replace them.
(J Med Internet Res 2015;17(12):e281) doi: 10.2196/jmir.4582
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Introduction
Crowdsourcing has become increasingly popular in the past
decade due to its time-saving and cost-effective qualities [1,2].
Crowdsourcing was primarily used by industries to outsource
business tasks. More recently, human subject researchers have
taken interest in crowdsourcing as a viable alternative approach
to traditional methods of participant recruitment. The study
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domains include, but are not limited to, social behavioral science
[3], psychology [4-6], and other health-related sciences [7-14].
Crowdsourcing has also been used to generate annotation gold
standards for natural language processing in a variety of
technical fields [15-22].
In the biomedical domain, researchers have begun experimenting
with crowdsourcing. A recent systematic review of
crowdsourcing used for health and medical research argued that
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utilizing crowdsourcing could improve the quality, cost, and
speed of a research project and contributes to novel scientific
findings [7]. Leroy et al [8] recruited Amazon Mechanical Turk
(MTurk) workers to evaluate the effects of a text simplification
algorithm using term familiarity to improve perceived and actual
text difficulty. Yu et al [9] also crowdsourced a pictogram
evaluation task to MTurk workers and confirmed that
crowdsourcing can be used as an effective and inexpensive
approach for participatory evaluation of medical pictograms.
MTurk is a large and well-known crowdsourcing service, which
has developed into the leading platform for crowdsourcing
recruitment [23]. Two primary concerns in the use of MTurk
for human subject research are the demographic mix of the study
participants and data quality, both of which affect the validity
and generalizability of results obtained from MTurk.
Demographic composition of the participants is essential to
understanding the sampling bias of the study population and
the generalizability of results. Early studies indicated that
workers reached by MTurk were mostly US based and this
population was younger, better educated, and with a higher
proportion of females than the general US population [24-26].
A 2010 paper by Eriksson and Simpson [26] reported that a
greater proportion of Indian participants were recruited (with
424 respondents from India and 416 from the United States)
for their experiment. A demographic survey conducted by
Paolacci et al [25] showed that only 47% of workers were from
the United States and there were a significant number of Indian
participants (34%). However, it is rumored that Amazon stopped
approving new international MTurk accounts since early 2013.
Regarding data quality, researchers have attempted to understand
the motivations of the MTurk participants and whether it
affected data quality [17,27-31]. Given that the median wage
of MTurk workers was as low as US $1.38 per hour [32], one
may be concerned about the quality of work. However, a number
of prior studies have compared the quality of data between
MTurk workers and in-laboratory participants in various
research studies and suggested that the data collected online
were not of poorer quality than data collected from traditional
subject pools [1-5,25,33].
Specific to the biomedical domain, concerns associated with
the use of crowdsourcing include exclusion of certain
populations, such as minors and people with limited or no
computer skills [2]. Other concerns are built-in limitations that
include (1) sample biases, (2) inability to control participants’
environment, and (3) inability to verify participant responses
[34]. For researchers who are interested in clinical populations,
the prevalence of clinical conditions and clinical characteristics
of MTurk workers and the general population may be different.
Another issue is that online informed consent documentation
is not always read carefully [35]. Despite these concerns,
crowdsourcing is a potential alternative to more traditional
methods of subject recruitment.
We have been working on improving hospital discharge
instructions with automated pictographic illustrations. Hospital
discharge instructions are essential to the patients’ postdischarge
care because these patients and their families are usually
responsible for the majority of care after discharge. However,
http://www.jmir.org/2015/12/e281/
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discharge instructions can be difficult for some patients to
understand. Previous studies have shown that more than half
of patients do not fully understand the content of instructions
[36-38]. Illustrations can help enhance patients’ comprehension
and recall [39-41]. However, not all illustrations lead to better
comprehension and recall [39,42,43]. Therefore, high-quality
and effective pictographs are needed. We created a set of
pictographs and stored them in a system called “Glyph.” Glyph
automatically illustrates text with analogous pictographs using
natural language processing and computer graphics techniques
[44]. For Glyph to be effective, we needed to test and ensure
that the pictographs it uses are indeed recognizable by patients.
Given crowdsourcing’s low cost, high efficiency, and relatively
good data quality, we set out to explore its use for clinical
pictograph testing and compare it with a traditional recruitment
and survey method. We noted that prior clinical informatics
studies have not compared the results obtained from traditional
subject recruitment and crowdsourcing. In this study, we tested
medical pictograph recognition rate using a hospital sample and
using an MTurk sample. MTurk was chosen for this study
because it is the most well-established and well-studied
crowdsourcing service. It also allowed us to closely control
participation and measure the quality of participant output.

Methods
As part of the Gylph project, more than 1000 pictographs were
developed. Among them, we randomly selected 500 pictographs
for testing. These pictographs were first drawn by a professional
graphic designer and then reviewed by a team of clinicians and
researchers. Field testing with patients/consumers was then
performed because the patient/consumer population is very
diverse and the developers were inherently biased by their
participation in the design. To test pictograph recognition, we
designed a set of questionnaires with fill-in-the-blank questions
for which study participants were asked to complete discharge
instruction sentences based on the pictures shown. A total of
150 different questionnaires were generated, each containing
50 questions, enabling each pictograph to be tested 15 times.
After the University of Utah Institutional Review Board
approved the in-person survey study, 100 study participants
were recruited from a cafeteria area of the University of Utah
Hospital, which is frequented by patients, visitors, and staff.
Another 50 study participants were recruited from the
Environmental Services Department via convenience sampling.
Inclusion criteria for participants included individuals aged 21
years or older and able to speak, read, and write in English.
Exclusion criteria included anyone unable to read; having any
visual, cognitive, language, or other impairments that would
prevent full participation in the study; and anyone who currently
or previously worked with discharge instructions in any capacity.
Informed consent was obtained from each participant. Once
consented, participants were given a randomly selected
questionnaire, asked to read the questions, fill in the blanks
based on the pictographs, and provide their demographic
information including age, gender, race, ethnicity, education
level, and first language. Most participants completed the
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questionnaire in 10-20 minutes. Each participant received a US
$10 gift card for participation [45].
In the crowdsourcing study, we tested 486 of the 500 images
using MTurk. In all, 12 duplicate pictographs associated with
different instructions were eliminated to avoid confusion and
another 2 pictographs were inadvertently omitted. Similar to
the in-person survey, 150 study participants were recruited from
MTurk. We requested 15 human intelligence tasks (HITs) per
survey, each survey containing up to 50 images to be identified
and 7 demographic questions: gender, age bracket, ethnicity,
race, education level, first language, and country of residence.
Each survey taker received US $6 to complete the survey. We
requested that each survey taker be unique and have a “Masters”
qualification, which is defined as “consistently completing HITs
of a certain type with a high degree of accuracy across a variety
of requesters.” Each survey taker was required to answer the
questions even if it was a guess. The system prompted the study
participants to enter “??” when they could not guess the
meaning. The format was “fill-in-the-blank” with a comment
box below the sentence (Figure 1).
We used SurveyMonkey [46] as the survey creation tool and
for analyzing the responses. Verification that the survey takers
were all unique was done based on MTurk user IDs.
In the in-person survey study, the questionnaires with
handwritten responses were scanned and answers were
transcribed into a database. The MTurk answers were collected
using SurveyMonkey and later exported to an Excel spreadsheet.
Demographic data were coded for statistical analysis. The
questionnaire results were evaluated against the phrases used
by the original discharge instructions. The following 4-point
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Likert scale was used: 1=incorrect, 2=mostly incorrect, 3=mostly
correct, and 4=correct. Human reviewers first rated 10% of the
questionnaires and an interrater agreement was calculated.
Disagreements in rating were resolved through consensus. After
interrater agreement reached the conventionally acceptable
kappa value of .85, individual reviewers independently rated
the remaining questionnaires.
Because each pictograph was tested 15 times and each test result
was given a rating from 1 to 4, the sum of the ratings for each
pictograph ranged from 15 to 60. In this study, we considered
a sum of the ratings less than 40 or a mean rating less than 2.67
as “low” or “ineffective,” indicating a low recognition rate and
need for redesign, whereas a sum of the ratings equal to or
greater than 40 points (eg, a mean rating equal to or greater than
2.67) was considered as “high” or “effective,” indicating a high
recognition rate.
We compared 486 pictographs tested in the crowdsourcing study
with their identical counterparts tested in the in-person study.
We removed the results in the in-person study that corresponded
to the pictographs that were eliminated in the crowdsourcing
study due to duplication and omission. We first calculated
descriptive statistics for the 2 samples (MTurk and in-person).
Mean ratings were then calculated and compared between the
in-person hospital sample and online MTurk sample. Afterward,
we performed multivariable linear regression analyses to
investigate the effects of gender, age, ethnicity, race, education
level, and first language on the recognition rates within the 2
populations. Qualitative analyses were then conducted on
pictograph characteristics to explore the reasons behind the
difference.

Figure 1. Screenshot of a sample question for both groups.

Results
Comparing the in-person and crowdsourcing studies, the 2
recruitment groups differed on several demographic
characteristics (Table 1). The MTurk sample had more white
and less Hispanic participants, were better educated, and had
http://www.jmir.org/2015/12/e281/
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more native English speakers. We did not limit to US workers
only, although more than 93.3% (140/150) of the workers were
from the United States. There were 10 non-US workers out of
150 (6.7%), all from Asia. There were 18 Asian participants
(18/150, 12.0%) in the in-person group. Asian workers had
lower recognition rates than white workers did; however, black
or African American, American Indian and Alaska Native,
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Native Hawaiian and Other Pacific Islander, and other workers
scored even lower on average in the in-person study. In our
study, the pictograph recognition rate is not a reflection of the
participants’ effort because we did not observe any sign of lack

of effort by a particular population group. In fact, in the
in-person survey, those who were less educated and/or who did
not speak English as their first language appeared to spend more
time completing the questionnaire.

Table 1. Demographics of the in-person and online recruitment groups (N=300).
Demographic characteristics

In-person (n=150)

Online (n=150)

Gender, n (%)

.23

Male

67 (44.7)

77 (51.7)

Female

83 (55.3)

72 (48.3)

Age (years), n (%)

.005

21-29

46 (30.9)

56 (37.3)

30-39

36 (24.2)

44 (29.3)

40-49

31 (20.8)

45 (30.0)

50-59

22 (14.8)

3 (2.0)

60-69

13 (8.7)

2 (1.3)

70-79

1 (0.7)

0 (0.0)

Race, n (%)

<.001

White

86 (57.3)

135 (90.0)

Asian

18 (12.0)

10 (6.7)

Other

46 (30.7)

5 (3.3)

Ethnicity, n (%)

<.001

Hispanic

30 (23.1)

4 (2.7)

Non-Hispanic

100 (76.9)

144 (97.3)

Education (grade), n (%)

<.001

≤4

3 (2.0)

0 (0.0)

5-8

4 (2.7)

0 (0.0)

9-12

25 (16.7)

15 (10.1)

>12

118 (78.7)

133 (89.9)

First language, n (%)

<.001

English

100 (67.1)

139 (92.7)

Non-English

49 (32.9)

11 (7.3)

The mean time spent per survey online was 23.9 minutes (95%
CI 22.5-25.3), whereas most in-person participants recruited
from the hospital cafeteria area completed the questionnaire in
10-20 minutes. This suggests that online workers were not less
attentive.
In the multivariable linear regression model comparing the 2
groups (Table 2), online participants scored significantly higher
than the in-person participants after adjusting for demographic
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characteristics. The majority of pictographs scored well in the
recognition test: adjusted mean ratings were 2.95 (95% CI
2.89-3.02) for the in-person sample and 3.14 (95% CI 3.07-3.20)
for the MTurk sample on the 4-point Likert scale. The adjusted
mean difference was 0.18 (95% CI 0.08-0.28, P<.001). This
suggests that the MTurk responders were better at recognizing
the set of pictographs we tested than the hospital sample were
and the difference could not be completely explained by the
demographic variables we collected.
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Table 2. Multivariable linear regression model of mean ratings between the online and in-person groups.
Predictors

Adjusted mean difference (slope)

95% CI

P

MTurk

0.18

0.08 to 0.28

<.001

Gender (male)

0.01

−0.07 to 0.10

.75

Age (years)
21-29

Referent

30-39

0.14

0.03 to 0.25

.01

40-49

−0.09

−0.20 to 0.02

.11

50-59

0.10

−0.07 to 0.26

.25

60-69

0.01

−0.20 to 0.22

.92

70-79

0.37

−0.33 to 1.08

.29

Race (%)
White

Referent

Asian

−0.05

0.24 to 0.14

.59

Other

−0.17

−0.31 to −0.02

.02

Ethnicity (Hispanic)

0.05

2.79 to 3.08

.54

Education (>12th grade/college)

0.15

0.03 to 0.27

.02

First language (non-English)

−0.54

−0.69 to −0.40

<.001

The model presented in Table 2 identified several predictors of
recognition rate in addition to study group. For age, compared
with the 21-29 year group, the 30-39 year group mean rating
was higher by 0.17 (95% CI 0.03-0.25, P=.01). Other older age
groups were not significantly associated with rating change.
Compared with the white participants, the mean rating for Asian
participants was not significantly different (0.05, 95% CI −0.24
to 0.14, P=.59) and “other” race ratings were 0.17 higher (95%
CI −0.31 to −0.02, P=.02). Compared with high-school
graduates or lower, college graduates’ mean rating was raised
by 0.15 (95% CI 0.03-0.27, P=.02). Compared with English as
first language, mean ratings for those who did not speak English
as a first language ratings were lowered by 0.54 (95% CI −0.69
to −0.40, P<.001). No significant differences were detected
between mean rating and gender (P=.75) or ethnicity (P=.54).
In the qualitative analysis, we sought to identify general
pictographic characteristics that affected recognition by the 2
groups. We examined 3 different categories of pictographs based
on recognition ratings. The 3 categories were (1) images that
had no variation in mean ratings (n=29), (2) images that scored
at least 0.5 points higher in mean ratings with the in-person
hospital sample (n=15), and (3) those that scored at least 1 point
higher in mean ratings with the online MTurk workers (n=49).
Among the 486 pictographs, only 29 had the exact same ratings,
although the rating differences were fairly small (<0.5) for the

http://www.jmir.org/2015/12/e281/

XSL• FO
RenderX

majority of the pictographs. The in-person hospital sample
scored higher in 79 images, whereas MTurk workers scored
higher in 379 images. Figures 2 and 3 display sample questions
and answers with the most similar and the most different scores
between the 2 samples.
As part of our analysis, the test pictographs were classified as
direct, indirect, and arbitrary according to the representation
strategies outlined by Nakamura and Zeng-Treitler [47]. Direct
representation explored the visual similarity between a
pictograph and its referent, (eg, depicting a thermometer
directly). Arbitrary representations were established by social
convention (eg, using a red “X” to indicate “no”). Indirect
representation explored semantic relations between a pictograph
and its referent (eg, using a cactus to represent “dry”). A fourth
hybrid category was used for pictographs that contained both
indirect and arbitrary elements. Indirect representation was
further classified by sematic type. In both samples, the most
recognized strategy was direct followed by arbitrary, indirect,
and indirect with arbitrary (Table 3). The mean rating within
different demographic groups by representation strategy is
shown in Table 4. Indirect and indirect with arbitrary strategies
were particularly ineffective for older patients, Hispanics,
non-Whites, and non-native English speakers. This suggests
that the indirect and arbitrary strategies are more culturally
dependent.
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Table 3. Mean rating by representation strategy.
Representation strategy

n (total=486)

Mean rating (SD)
Online

In-person

Direct

165

3.45 (0.90)

3.20 (1.08)

Arbitrary

5

3.35 (1.12)

3.09 (1.24)

Indirect

160

3.18 (1.08)

2.77 (1.22)

Indirect with arbitrary

156

3.04 (1.09)

2.56 (1.22)

Table 4. The mean rating within different demographic groups by representation strategy.
Demographic groups

Mean rating by representation strategy (SD)

Overall mean rating
(SD)

Indirect

Direct

Indirect with arbitrary

Arbitrary

Male

2.95 (1.18)

3.31 (1.00)

2.77 (1.19)

3.21 (1.16)

3.02 (1.15)

Female

2.99 (1.16)

3.34 (1.00)

2.82 (1.18)

3.22 (1.23)

3.05 (1.14)

21-29

3.04 (1.14)

3.33 (0.99)

2.83 (1.18)

3.21 (1.20)

3.06 (1.13)

30-39

3.04 (1.15)

3.44 (0.92)

2.89 (1.16)

3.36 (1.17)

3.14 (1.10)

40-49

2.90 (1.20)

3.23 (1.08)

2.74 (1.20)

3.10 (1.20)

2.96 (1.18)

50-59

2.80 (1.22)

3.30 (1.03)

2.60 (1.23)

3.40 (1.26)

2.92 (1.20)

60-69

2.83 (1.15)

3.22 (0.98)

2.70 (1.15)

2.80 (1.30)

2.98 (1.10)

70-79

3.22 (1.20)

3.65 (0.69)

2.25 (1.50)

4.00 (0)

3.46 (0.94)

Hispanic

2.67 (1.20)

3.14 (1.10)

2.44 (1.19)

3.54 (0.88)

2.76 (1.20)

Non-Hispanic

3.03 (1.16)

3.37 (0.97)

2.86 (1.17)

3.26 (1.17)

3.09 (1.12)

Nonwhite

2.52 (1.21)

3.01 (1.16)

2.34 (1.19)

2.93 (1.25)

2.63 (1.22)

White

3.13 (1.12)

3.44 (0.92)

2.95 (1.14)

3.28 (1.18)

3.18 (1.08)

≤12th grade

2.78 (1.17)

3.14 (1.10)

2.48 (1.19)

2.67 (1.34)

2.81 (1.19)

>12th grade

3.01 (1.17)

3.36 (0.98)

2.85 (1.18)

3.33 (1.13)

3.08 (1.13)

English

3.12 (1.12)

3.44 (0.92)

2.95 (1.14)

3.32 (1.14)

3.18 (1.08)

Non-English/other

2.41 (1.21)

2.87 (1.19)

2.22 (1.18)

2.85 (1.26)

2.50 (1.23)

Gender

Age (years)

Ethnicity

Race

Education

First language

There were 29 images that received the same recognition scores
in both samples. These were generally high-scoring images that
represented common objects, activities, behaviors, and common
disorders. It should be mentioned there were 3 low scoring
images in this category that were not recognizable by either
group. This group of pictographs largely represented simple
ideas and common behaviors with the use of large fields of open
space (Figure 4). Many of these used the direct representation
strategy; however, the use of arbitrary symbols was successful
in many cases as well.
Although the majority of pictographs scored much higher on
average with the online group, there were 15 images that scored
at least 0.5 points higher with the in-person group. These images
http://www.jmir.org/2015/12/e281/
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tended to have more contrast using color and did not represent
overly complex or abstract ideas. With an overall mean rating
of 2.95 (SD 0.65) in both groups, these were recognizable in
general (Figure 5).
The final and largest category contained the 49 pictographs that
scored at least 1 point or higher by the online group. These
images attempted to communicate more complex or abstract
concepts than the other 2 categories. The mean rating for the
pictographs in this category was 2.77 (SD 0.59) for the in-person
sample and 3.31 (SD 0.59) for the online sample. Almost every
pictograph in this category used the indirect representation
strategy. This category also had many pictographs that contained
fine detail and the use of color was not as prevalent as in the
J Med Internet Res 2015 | vol. 17 | iss. 12 | e281 | p. 6
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other categories (Figure 6). One example is “difficulty sleeping”;
although “sleeping” can be easily illustrated, “difficulty” is an
abstract and challenging concept to visualize.
These results suggest that the online sample was better at
recognizing complex and/or abstract ideas communicated
through images. It might be that the MTurks were able to
improve their recognition rating by zooming into the screen to
see more finely detailed images or they were more familiar with
visual icons. Overall, the most efficient way to communicate
visually to a diverse audience was the direct representation
strategy, employing simple concepts with color and heavy
contrast.

Discussion
This study is the first effort to compare the results of
conventional and crowdsourcing recruitment in the health
informatics domain. Our crowdsourcing (MTurk) sample had
different demographic characteristics from the conventional
(hospital patient, visitor, and staff) sample. After adjusting for
demographic variables, the crowdsourcing (online) sample
scored higher on the pictograph recognition tasks than the
conventional (in-person) sample (P<.001). This suggests that
we cannot simply replace conventional recruitment with
crowdsourcing recruitment.
At the same time, the crowdsourcing recruitment was much
cheaper and quicker. The data quality was also relatively high.
We found no missing data and no transcription was needed. For
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many pictographs, the differences in the average recognition
scores were not dramatic. This suggests that online
crowdsourcing is a viable approach for preliminary pictograph
evaluation.
Crowdsourcing services—particularly MTurk—have made it
easy for scientists to recruit research participants. However, we
should not overlook the crucial differences between
crowdsourcing and traditional recruitment methods. Not all the
tasks that are performed in an in-person setting are suitable for
crowdsourcing online. Current general crowdsourcing tools are
not specifically tailored for biomedical informatics research.
From
a
human
subject
researcher’s
standpoint,
representativeness of a sample is critical. However, tools such
as MTurk or SurveyMonkey provide limited capabilities for
researchers to sample subjects that mimic the target population
of a specific research project. Along the same line, it remains
to be explored how crowdsourcing can be incorporated into
longitudinal and/or intervention studies.
Creating high-quality and effective pictographs is our goal. To
achieve this goal, an iterative process of design and testing was
carried out. User testing is intended to identify pictographs that
are confusing, allowing those pictographs to be redesigned and
retested. In other words, the purpose of the pictograph
recognition test is to assess the quality of the pictographs rather
than to assess the knowledge and skill of the users. As such, the
quality of pictographs being tested will vary and the “wrong”
answers are as valuable to us as the “correct” answers.

Figure 2. Sample questions with the same or the most different scores from the online and in-person samples.
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Figure 3. Answers (n=15) to the sample questions from the online and in-person samples.
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Figure 4. Pictographs that scored the same for both the online and in-person groups.

Figure 5. Pictographs that scored higher with the in-person group.

Figure 6. Pictographs that scored higher with the online group.

This study has some limitations. We focused on a single task
(pictograph recognition) and a single crowdsourcing service
(MTurk). Our conventional sample was recruited from a hospital
where our target audience for the pictograph-enhanced
instructions receives care. Arguably, a sample recruited from a
different location in the United States and a different type of
health care facility will have different characteristics and
different recognition rates.
In future studies, especially in informatics studies that target
patients, we plan to further explore the use of crowdsourcing
services. For instance, one of our ongoing projects aims at
reducing the disparity in health communication through
pictographs. Crowdsourcing is a method that could potentially
help us recruit participants from more diverse groups and
develop pictographs that are more widely recognizable.
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We tested the recognition of health care-related pictographs
through crowdsourcing and conventional in-person survey. The
self-reported demographics of our online MTurk workers
indicated they were younger and more educated than the
conventional in-person survey sample. The majority were white
and English was their first language. Despite the demographic
differences between the 2 study groups, predictors of successful
pictograph recognition remain the same: white, college educated,
and native English language speaking.
Crowdsourcing has some distinct advantages: it is time-saving,
low cost, and less labor intensive (for the researchers). However,
our analyses indicated that after adjusting for demographic
characteristics, the average pictograph recognition rating of
online MTurk and in-person hospital survey participants was
significantly different. Therefore, the crowdsourcing approach
cannot simply replace conventional survey methods, although
it could be used for preliminary studies and quick feedback.
J Med Internet Res 2015 | vol. 17 | iss. 12 | e281 | p. 9
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Kuang et al

Acknowledgments
This work was supported by NIH grants R01 LM07222 and 5G08LM11546. We thank all the Turkers and individuals who
participated in this study.

Conflicts of Interest
None declared.

References
1.

2.
3.
4.
5.

6.
7.

8.

9.
10.

11.

12.

13.

14.
15.

16.

17.

18.

Saunders DR, Bex PJ, Woods RL. Crowdsourcing a normative natural language dataset: A comparison of Amazon Mechanical
Turk and in-lab data collection. J Med Internet Res 2013;15(5):e100 [FREE Full text] [doi: 10.2196/jmir.2620] [Medline:
23689038]
Azzam T, Jacobson MR. Finding a comparison group: Is online crowdsourcing a viable option? Am J Eval 2013 Jun
18;34(3):372-384. [doi: 10.1177/1098214013490223]
Behrend TS, Sharek DJ, Meade AW, Wiebe EN. The viability of crowdsourcing for survey research. Behav Res Methods
2011 Sep;43(3):800-813. [doi: 10.3758/s13428-011-0081-0] [Medline: 21437749]
Krantz JH, Dalal R. Validity of Web-based psychological research. In: Birnbaum MH, editor. Psychological Experiments
on the Internet. San Diego, CA: Academic Press; 2000:35-60.
Gosling SD, Vazire S, Srivastava S, John OP. Should we trust web-based studies? A comparative analysis of six
preconceptions about internet questionnaires. Am Psychol 2004;59(2):93-104. [doi: 10.1037/0003-066X.59.2.93] [Medline:
14992636]
Shapiro DN, Chandler J, Mueller PA. Using Mechanical Turk to study clinical populations. Clinical Psychological Science
2013:213-220.
Ranard BL, Ha YP, Meisel ZF, Asch DA, Hill SS, Becker LB, et al. Crowdsourcing--harnessing the masses to advance
health and medicine, a systematic review. J Gen Intern Med 2014 Jan;29(1):187-203 [FREE Full text] [doi:
10.1007/s11606-013-2536-8] [Medline: 23843021]
Leroy G, Endicott JE, Kauchak D, Mouradi O, Just M. User evaluation of the effects of a text simplification algorithm
using term familiarity on perception, understanding, learning, and information retention. J Med Internet Res 2013;15(7):e144
[FREE Full text] [doi: 10.2196/jmir.2569] [Medline: 23903235]
Yu B, Willis M, Sun P, Wang J. Crowdsourcing participatory evaluation of medical pictograms using Amazon Mechanical
Turk. J Med Internet Res 2013;15(6):e108 [FREE Full text] [doi: 10.2196/jmir.2513] [Medline: 23732572]
Allam A, Kostova Z, Nakamoto K, Schulz PJ. The effect of social support features and gamification on a Web-based
intervention for rheumatoid arthritis patients: Randomized controlled trial. J Med Internet Res 2015;17(1):e14 [FREE Full
text] [doi: 10.2196/jmir.3510] [Medline: 25574939]
Brady CJ, Villanti AC, Pearson JL, Kirchner TR, Gupta OP, Shah CP. Rapid grading of fundus photographs for diabetic
retinopathy using crowdsourcing. J Med Internet Res 2014;16(10):e233 [FREE Full text] [doi: 10.2196/jmir.3807] [Medline:
25356929]
Cui L, Carter R, Zhang GQ. Evaluation of a novel conjunctive exploratory navigation interface for consumer health
information: A crowdsourced comparative study. J Med Internet Res 2014;16(2):e45 [FREE Full text] [doi:
10.2196/jmir.3111] [Medline: 24513593]
Helander E, Kaipainen K, Korhonen I, Wansink B. Factors related to sustained use of a free mobile app for dietary
self-monitoring with photography and peer feedback: Retrospective cohort study. J Med Internet Res 2014;16(4):e109
[FREE Full text] [doi: 10.2196/jmir.3084] [Medline: 24735567]
Turner AM, Kirchhoff K, Capurro D. Using crowdsourcing technology for testing multilingual public health promotion
materials. J Med Internet Res 2012;14(3):e79 [FREE Full text] [doi: 10.2196/jmir.2063] [Medline: 22664384]
Finin T, Murnane W, Karandikar A, Keller N, Martineau J, Dredze M. Annotating named entities in Twitter data with
crowdsourcing. Stroudsburg, PA: Association for Computational Linguistics; 2010 Presented at: Proceedings of the NAACL
HLT 2010 Workshop on Creating Speech and Language Data with Amazon's Mechanical Turk; Jun 6, 2010; Los Angeles,
CA p. 80-88.
Lawson N, Eustice K, Perkowitz M, Yetisgen-Yildiz M. Annotating large email datasets for named entity recognition with
Mechanical Turk. Stroudsburg, PA: Association for Computational Linguistics; 2010 Presented at: Proceedings of the
NAACL HLT 2010 Workshop on Creating Speech and Language Data with Amazon's Mechanical Turk; Jun 6, 2010; Los
Angeles, CA p. 71-79.
Snow R, O'Connor B, Jurafsky D, Ng A. Cheap and fast—But is it good?: Evaluating non-expert annotations for natural
language tasks. In: Proceedings of the Conference on Empirical Methods in Natural Language Processing. 2008 Presented
at: Conference on Empirical Methods in Natural Language Processing; Oct 25-27, 2008; Honolulu, HI p. 254-263.
Good BM, Loguercio S, Griffith OL, Nanis M, Wu C, Su AI. The cure: Design and evaluation of a crowdsourcing game
for gene selection for breast cancer survival prediction. JMIR Serious Games 2014;2(2):e7 [FREE Full text] [doi:
10.2196/games.3350] [Medline: 25654473]

http://www.jmir.org/2015/12/e281/

XSL• FO
RenderX

J Med Internet Res 2015 | vol. 17 | iss. 12 | e281 | p. 10
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
19.
20.
21.
22.

23.
24.

25.
26.
27.

28.
29.

30.

31.
32.

33.
34.

35.
36.
37.
38.

39.
40.
41.
42.
43.

Good BM, Nanis M, Wu C, Su AI. Microtask crowdsourcing for disease mention annotation in PubMed abstracts. Pac
Symp Biocomput 2015:282-293 [FREE Full text] [Medline: 25592589]
Good BM, Su AI. Crowdsourcing for bioinformatics. Bioinformatics 2013 Aug 15;29(16):1925-1933 [FREE Full text]
[doi: 10.1093/bioinformatics/btt333] [Medline: 23782614]
Yetisgen-Yildiz M, Solti I, Xia F. Using Amazon's Mechanical Turk for annotating medical named entities. AMIA Annu
Symp Proc 2010;2010:1316 [FREE Full text] [Medline: 21785667]
Zhai H, Lingren T, Deleger L, Li Q, Kaiser M, Stoutenborough L, et al. Web 2.0-based crowdsourcing for high-quality
gold standard development in clinical natural language processing. J Med Internet Res 2013;15(4):e73 [FREE Full text]
[doi: 10.2196/jmir.2426] [Medline: 23548263]
Amazon Mechanical Turk. Services URL: https://www.mturk.com/mturk/welcome [accessed 2015-09-28] [WebCite Cache
ID 6btHG43Sd]
Ross J, Irani L, Silberman M, Zaldivar A, Tomlinson B. Who are the crowdworkers?: Shifting demographics in Mechanical
Turk. In: CHI '10 Extended Abstracts on Human Factors in Computing Systems. 2010 Presented at: CHI EA '10; Apr 10-15,
2010; Atlanta, GA.
Paolacci G, Chandler J, Ipeirotis PG. Running experiments on Amazon Mechanical Turk. Judgment and Decision Making
2010;5(5):411-419.
Eriksson K, Simpson B. Emotional reactions to losing explain gender differences in entering a risky lottery. Judgm Decis
Mak 2010;5(3):159-163.
Shaw A. CrowdFlower Blog. 2010 Aug 05. For love or for money? A list experiment on the motivations behind crowdsourcing
work URL: https://www.crowdflower.com/blog/2010/08/
for-love-or-for-money-a-list-experiment-on-the-motivations-behind-crowdsourcing-work [accessed 2015-12-11] [WebCite
Cache ID 6dhjhsrTX]
Chandler D, Kapelner A. Breaking monotony with meaning: Motivation in crowdsourcing markets. J Econ Behav Organ
2013 Jun;90:123-133. [doi: 10.1016/j.jebo.2013.03.003]
Callison-Burch C. Fast, cheap, and creative: Evaluating translation quality using Amazon Mechanical Turk. In: Proceedings
of the 2009 Conference on Empirical Methods in Natural Language Processing. 2009 Presented at: Conference on Empirical
Methods in Natural Language Processing; Aug 6-7, 2009; Singapore p. 286-295.
Kittur A, Chi EH, Suh B. Crowdsourcing user studies with Mechanical Turk. In: Proceedings of the SIGCHI Conference
on Human Factors in Computing Systems. 2008 Presented at: CHI '08 SIGCHI Conference on Human Factors in Computing
Systems; Apr 05-10, 2008; Florence, Italy.
Ipeirotis PG. Analyzing the Amazon Mechanical Turk marketplace. XRDS 2010 Dec 01;17(2):16-21. [doi:
10.1145/1869086.1869094]
Horton JJ, Chilton LB. The labor economics of paid crowdsourcing. In: Proceedings of the 11th ACM conference on
Electronic commerce. 2010 Presented at: EC '10 11th ACM Conference on Electronic Commerce; Jun 9-11, 2010; Cambridge,
MA p. 209-218. [doi: 10.1145/1807342.1807376]
Sprouse J. A validation of Amazon Mechanical Turk for the collection of acceptability judgments in linguistic theory.
Behav Res Methods 2011 Mar;43(1):155-167 [FREE Full text] [doi: 10.3758/s13428-010-0039-7] [Medline: 21287108]
Kraut R, Olson J, Banaji M, Bruckman A, Cohen J, Couper M. Psychological research online: Report of Board of Scientific
Affairs' Advisory Group on the Conduct of Research on the Internet. Am Psychol 2004;59(2):105-117. [doi:
10.1037/0003-066X.59.2.105] [Medline: 14992637]
Stanton JM, Rogelberg SG. Using internet/intranet web pages to collect organizational research data. Organ Res Meth 2001
Jul 01;4(3):200-217. [doi: 10.1177/109442810143002]
Jolly BT, Scott JL, Sanford SM. Simplification of emergency department discharge instructions improves patient
comprehension. Ann Emerg Med 1995 Oct;26(4):443-446. [Medline: 7574126]
Austin PE, Matlack R, Dunn KA, Kesler C, Brown CK. Discharge instructions: Do illustrations help our patients understand
them? Ann Emerg Med 1995 Mar;25(3):317-320. [Medline: 7532382]
Engel K, Buckley BA, Forth VE, McCarthy DM, Ellison EP, Schmidt MJ, et al. Patient understanding of emergency
department discharge instructions: Where are knowledge deficits greatest? Acad Emerg Med 2012 Sep;19(9):E1035-E1044
[FREE Full text] [doi: 10.1111/j.1553-2712.2012.01425.x] [Medline: 22978730]
Mayer RE, Gallini JK. When is an illustration worth ten thousand words? J Educ Psychol 1990;82(4):715-726. [doi:
10.1037/0022-0663.82.4.715]
Kools M, van de Wiel MW, Ruiter RA, Kok G. Pictures and text in instructions for medical devices: Effects on recall and
actual performance. Patient Educ Couns 2006 Dec;64(1-3):104-111. [doi: 10.1016/j.pec.2005.12.003] [Medline: 16472960]
Morrow D, Hier CM, Menard WE, Leirer VO. Icons improve older and younger adults' comprehension of medication
information. J Gerontol B Psychol Sci Soc Sci 1998 Jul;53(4):P240-P254. [Medline: 9679516]
Hwang SW, Tram CQ, Knarr N. The effect of illustrations on patient comprehension of medication instruction labels. BMC
Fam Pract 2005 Jun 16;6(1):26 [FREE Full text] [doi: 10.1186/1471-2296-6-26] [Medline: 15960849]
Lajoie SP. Extending the scaffolding metaphor. Instr Sci 2005 Nov;33(5-6):541-557. [doi: 10.1007/s11251-005-1279-2]

http://www.jmir.org/2015/12/e281/

XSL• FO
RenderX

Kuang et al

J Med Internet Res 2015 | vol. 17 | iss. 12 | e281 | p. 11
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
44.
45.
46.
47.

Kuang et al

Bui D, Nakamura C, Bray BE, Zeng-Treitler Q. Automated illustration of patients instructions. AMIA Annu Symp Proc
2012;2012:1158-1167 [FREE Full text] [Medline: 23304392]
Perri S, Argo L, Kuang J, Bui D, Hill B, Bray EB, et al. A picture's meaning: The design and evaluation of pictographs
illustrating patient discharge instructions. J Commun Healthc 2015:e1 (forthcoming).
SurveyMonkey. URL: http://www.surveymonkey.com[WebCite Cache ID 6cKfrADBt]
Nakamura C, Zeng-Treitler Q. A taxonomy of representation strategies in iconic communication. Int J Hum Comput Stud
2012 Aug 1;70(8):535-551 [FREE Full text] [doi: 10.1016/j.ijhcs.2012.02.009] [Medline: 22754274]

Abbreviations
HIT: human intelligence task
MTurk: Amazon Mechanical Turk

Edited by G Eysenbach; submitted 27.04.15; peer-reviewed by G Leroy, C Smith; comments to author 19.08.15; revised version
received 16.10.15; accepted 05.11.15; published 17.12.15
Please cite as:
Kuang J, Argo L, Stoddard G, Bray BE, Zeng-Treitler Q
Assessing Pictograph Recognition: A Comparison of Crowdsourcing and Traditional Survey Approaches
J Med Internet Res 2015;17(12):e281
URL: http://www.jmir.org/2015/12/e281/
doi: 10.2196/jmir.4582
PMID: 26678085

©Jinqiu Kuang, Lauren Argo, Greg Stoddard, Bruce E Bray, Qing Zeng-Treitler. Originally published in the Journal of Medical
Internet Research (http://www.jmir.org), 17.12.2015. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (http://creativecommons.org/licenses/by/2.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work, first published in the Journal of Medical Internet Research, is properly
cited. The complete bibliographic information, a link to the original publication on http://www.jmir.org/, as well as this copyright
and license information must be included.

http://www.jmir.org/2015/12/e281/

XSL• FO
RenderX

J Med Internet Res 2015 | vol. 17 | iss. 12 | e281 | p. 12
(page number not for citation purposes)

